We propose new metrics to assist global sensitivity analysis, GSA, of hydrological and Earth 10 systems. Our approach allows assessing the impact of uncertain parameters on main features of the 11 probability density function, pdf, of a target model output, y. These include the expected value of y, 12 the spread around the mean and the degree of symmetry and tailedness of the pdf of y. Since reliable 13 assessment of higher order statistical moments can be computationally demanding, we couple our 14 GSA approach with a surrogate model, approximating the full model response at a reduced 15 computational cost. Here, we consider the generalized Polynomial Chaos Expansion (gPCE), other 16 model reduction techniques being fully compatible with our theoretical framework. We demonstrate 17 our approach through three test cases, including an analytical benchmark, a simplified scenario 18 mimicking pumping in a coastal aquifer, and a laboratory-scale conservative transport experiment.
Introduction

28
Our improved understanding of physical-chemical mechanisms governing hydrological 29 processes at multiple space and time scales and the ever increasing power of modern computational 30 resources are at the heart of the formulation of conceptual models which are frequently characterized are collected in vector x = ( 1 x , 2 x , …, N x ) and defined in the parameter space conditioning on i x ). A similar measure is offered by the widely used Sobol' indices (Sobol, 1993) . 127 These have been defined starting from the Hoeffendig/Sobol decomposition (see, e.g., Sobol, 1993, The effect of changes of x on the mean of y cannot be systematically analyzed by the metrics 168 currently available in the literature. We therefore introduce the following quantity
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Note that index Along the same lines, we introduce the following index 
The relative variation of the kurtosis of y due to variations of a parameter x x x can be respectively quantified through 
Relying jointly on Eq.s (10)-(17) enables one to perform a comprehensive GSA of the target 
For the sole purpose of illustrating our approach, here and in the following we set a = 5 and b = 0. Equation (21) shows that all random model parameters influence the variance of ISH, albeit 262 to different extents, as also illustrated in Fig. 1b as dictated by Eq. (22) and shown in Fig. 1c .
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The conditional kurtosis   2 | k ISH x does not depend on the conditioning value 2
x (see Eq.
282
(23)). We then note that this conditional moment is always larger than (or equal to) its unconditional Figure   347 4a shows that mean c Q varies with w x and J in a similar way. This outcome is consistent with Eq.
348
(27) where c Q depends on the product w x J, i.e., increasing w x or J has the same effect on c Q .
349
It can be noted (see Tab. 3) that 
Time steps . Joint inspection of Fig.s 7c and 7d reveals that the pdf of () Ct tends to 408 be symmetric around the mean (Fig. 7c ) and characterized by light tails (Fig. 7d) 
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(i.e., very low or high solute concentrations, which can be of some concern in the context of risk log ( ) L a (red curves), at times t = 0.02 t (Fig. 9 ), 0.4 t (Fig. 10) , and 0.96 t (Fig. 11) . The corresponding 421 unconditional moments are also depicted (black curves) for ease of comparison. Figure 9 shows that 
